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1 Introduction
In recent decades, Arctic sea ice cover has undergone a considerable reduction in both thickness
and extent (e.g. Comiso et al., 2008; Kwok et al., 2009; Stroeve et al., 2012; Vaughan et al., 2013;
Meier et al., 2014; Lindsay and Schweiger, 2015; Bliss et al., 2019), which is expected to impact
weather and climate at lower latitudes (e.g. Cohen et al., 2014; Barnes and Screen, 2015; Smith
et al., 2017), alter the ecosystem and living environment (e.g. Meier et al., 2014) and to change
the nature of Arctic shipping by opening up new sea routes (e.g. Smith and Stephenson, 2013)
and altering the nature of the hazards faced (e.g. Barber et al., 2014). Therefore, predictions of
changes to the sea ice cover on both short and longer timescales are becoming increasingly
important.
It has long been understood that the accurate initialisation of models using data assimilation is
vital for the improvement of forecasts on a range of timescales. In the case of sea ice
forecasting, assimilation of SIC (sea ice concentration) observations into coupled ocean-ice
models is well established and routine at all centres producing operational sea ice and ocean
forecasts (e.g. Bertino and Lisaeter, 2008; Blockley et al., 2014; Smith et al., 2015; Posey et al.,
2015; Lemieux et al., 2016). Timeseries of well-homogenised satellite observations of SIC
(reprocessed using consistent methods to avoid spurious jumps in the data) are available dating
back to 1979 (e.g. Lavergne et al., 2019). This allows for accurate monitoring of SIC and extent
and use in hindcasts and reanalyses.
Recent improvements in the specification of SIC observation uncertainties (e.g. Tonboe et al.,
2017) have provided an opportunity for improvement of the assimilation of these observations.
Additionally, owing to the recent changes in ice cover mentioned above, the standard method of
using climatological estimates of model background uncertainties may no longer be appropriate,
and new methods to determine daily-varying quantities should be investigated. Both of these
topics are explored in this study.
Large-scale observations of SIT (sea ice thickness) have only become available much more
recently than SIC, with the first dedicated satellite mission to observe sea ice freeboard (the
height of sea ice above the ocean surface), CryoSat-2, launched in April 2010. Observations of
sea ice freeboard, which can then be converted to thickness, have been successfully obtained
from previous radar and laser altimetry missions: ERS (European Remote Sensing), Envisat and
ICESat (NASA Ice, Cloud and land Elevation Satellite) (e.g. Laxon et al., 2003; Kwok and Rothrock,
2009) but with reduced accuracy and larger unobserved areas over the pole than for CryoSat-2.
Prior to the launch of ERS-1 in July 1991, the only estimates of sea ice thickness available are
sparse observations from in situ and submarine platforms. Consequently, the processing of
satellite freeboard observations is still very much an ongoing and active area of research and
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development, particularly regarding the accuracy of observations, the characterisation of
uncertainties and the timeliness of data delivery (e.g. Ricker et al., 2014, 2016; Tilling et al.,
2016, 2018). The field is additionally much less mature than the use of ocean altimetry to
measure sea level anomaly, which is also readily assimilated into operational ocean forecasting
models (e.g. Blockley et al., 2014).
As a complement to satellite altimetry, which can be used to retrieve SIT greater than around 1
m, observations of thin sea ice thickness can be obtained from the SMOS (Soil Moisture and
Ocean Salinity) satellite, launched in November 2009. Using a passive microwave radiometer,
the SIT of thin sea ice can be inferred from retrievals of brightness temperature (Kaleschke et
al., 2010; Tian-Kunze et al., 2014).
Previous studies have demonstrated the importance of SIT assimilation and initialisation in
addition to SIC on improving forecasts of sea ice concentration, extent and thickness, both for
short-term operational forecasting (e.g. Yang et al., 2016; Mu et al., 2018; Xie et al., 2018) and
on seasonal timescales (e.g. Day et al., 2014; Guemas et al., 2014; Blockley and Peterson, 2018;
Allard et al., 2018). Retrievals of SIT are noisy, and consequently SIT products are generally
distributed as gridded, averaged observations (e.g. weekly, monthly), which have been made
use of in these previous studies. It was not originally envisioned that CryoSat-2 observations
would be able to be used without a certain degree of spatial and temporal averaging (Wingham
et al., 2006). However, the nature of operational ocean forecasting at the Met Office, and future
developments towards a coupled NWP (numerical weather prediction) framework with short
assimilation time windows of the order of 6 hours, mean that along-track rather than spatially
and temporally averaged observations will be required. Additionally, assimilation of lower-level
data with less processing applied is often advantageous owing to the simpler uncertainty
characteristics of the observations.
In this study, we present the novel assimilation of along-track CryoSat-2 radar altimeter
observations of Arctic sea ice freeboard into the Met Office’s coupled ocean-sea ice forecasting
model, FOAM. We also present an investigation into potential improvements to the ice
concentration assimilation through updates to the background and observation uncertainties.

2 Sea ice thickness assimilation
2.1 Initial development
2.1.1

Background

Short-term sea ice forecasts at the Met Office are produced using the Forecast Ocean
Assimilation Model (FOAM; Blockley et al., 2014). This is a global, coupled ocean-sea ice model,
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using the NEMO (Nucleus for European Modelling of the Ocean) ocean model (Madec, 2016)
coupled to the Los Alamos Sea Ice Model, CICE (Hunke et al., 2015; Ridley et al., 2018). This can
be forced using output from the Met Office NWP system or used in an ocean-atmosphere
coupled configuration (Guiavarc’h et al., 2019). FOAM runs on a 1/4 degree tripolar grid
(orca025), with 75 vertical levels in the ocean. The CICE configuration includes 5 thickness
categories (plus open water), multi-layer thermodynamics and prognostic melt ponds. The data
assimilation scheme NEMOVAR (Waters et al., 2015) is used in a 3D-Var FGAT (First Guess at
Appropriate Time) configuration to assimilate observations of sea level anomaly, sea surface
temperature, temperature and salinity profiles, and sea ice concentration. Sea ice thickness
observations are not currently assimilated.
FOAM produces operational analyses and 7-day forecasts of ocean and sea ice variables, which
are disseminated through CMEMS (Copernicus Marine Environment Monitoring Service;
marine.copernicus.eu). FOAM analyses are also used to initialise the Met Office’s seasonal
forecasting system, GloSea (MacLachlan et al., 2014). Therefore, operational implementation of
ice thickness assimilation in FOAM will directly influence the GloSea seasonal forecasts.

2.1.2

Sea ice thickness observations

The data used in this study are along-track, CryoSat-2 radar altimeter observations of Arctic sea
ice freeboard, processed by CPOM (Centre for Polar Observation and Modelling; Tilling et al.,
2016). These are available in near-real-time, which is necessary for future implementation into
the operational FOAM system. Freeboard is the height of the sea ice above the ocean surface,
which is the quantity measured by the satellite (see figure 1).
Figure 2 shows the freeboard observations available for one 24-hour period, demonstrating the
spatial coverage of the data. The orbital inclination of the satellite means observations are
available to a latitude of 88.0 N. The tracks converge at this latitude, providing dense
observations, but large gaps exist between the tracks elsewhere on any given day. Freeboard
observations are not processed in summertime (May-September) due to the presence of surface
melting (e.g. Tilling et al., 2016) and observations are currently available for the Arctic only.
It is possible to assimilate freeboard observations directly into the model, rather than converting
to thickness first, and convert modelled freeboard to SIT at a later stage. However, this
approach is not suitable for the assimilation of SMOS SIT observations, as they are obtained
from retrievals of SIT directly. Therefore, to allow for the future assimilation of SMOS SIT
observations (and other thickness data types), freeboard (fi) is converted to ice thickness (hi)
using equation (1) within the FOAM system prior to assimilation.
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Figure 1: Schematic of sea ice thickness and freeboard, where ρ is density
and w, s, i suffixes are water, snow and ice respectively.

Figure 2: CPOM freeboard observations (m), 1 January 2015.
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Following Tilling et al. (2016) and assuming the ice is floating in hydrostatic equilibrium:

(1)

where hs is the FOAM modelled snow depth (in m) at the observation time and interpolated to
the freeboard observation locations. ρw , ρs and ρi are densities of water, snow and ice
respectively. These are constant in CICE, and are set to 1026.0, 330.0 and 917.0 kg m-3
respectively.
Prior to the conversion to thickness, the modelled snow depth is also used to provide a
correction to the freeboard observation (the “radar” freeboard; firadar) to obtain the “true” or
“corrected” freeboard (fi), to account for the reduction in speed of the altimeter radar pulse due
to the presence of snow on the sea ice (Tilling et al., 2016). The correction is an addition of the
quantity 0.25hs to the radar freeboard observations, based on:

(2)

where hs is the snow depth as in equation (1), Co = 3.0×108 m s-1 is the speed of light in a
vacuum, and Cs = 2.4×108 m s-1 is the speed of light in snow.
Currently, CPOM make use of the snow depth climatology of Warren et al. (1999) to perform the
above calculations. However, instead we use the FOAM modelled snow depth, which means the
estimates have greater spatial and temporal variability than can be obtained from a climatology
(figure 3). Using this method also maintains consistency of the new observations with the model
ice thicknesses. Figure 3 also qualitatively illustrates that the FOAM snow depth is of a similar
magnitude to the climatology.
Snow depth uncertainty is a large source of error for SIT observations, both for the retrievals of
freeboard and in the subsequent conversion to SIT (e.g. Giles et al., 2007; Ricker et al., 2015). As
with many observation types in the Polar Regions, due to sparsity of data, difficult observing
conditions and local variability, the true snow depth is unknown. There are several new
products available which use a variety of methods to estimate the snow depth on sea ice on a
daily basis (e.g. Petty et al., 2018). Future work will compare the modelled FOAM snow depth to
a selection of these. There are also plans to make the FOAM modelled snow depth data
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available to CPOM for intercomparison work on ice thicknesses generated using different snow
depth datasets.
Additional uncertainty is also introduced to the SIT observations through a lack of knowledge of
the snow density. A constant value is used in CICE (similarly for water and ice densities), and this
could be updated in the future to be spatially and temporally varying.

(a) Adapted from figure 9, Warren et al.
(1999). Mean January snow depth (cm)
on multi-year ice, 1954-1991

(b) Daily modelled snow depth from FOAM
system (m), 1 January 2015

Figure 3: Comparison of FOAM modelled snow depth with climatology.

2.1.3

The FOAM test system

The FOAM test system used in this study is based on the current operational system at the time
of writing (v14). The variables assimilated are temperature and salinity profiles, and sea surface
temperature observations from ships, moored and drifting buoys, AVHRR instruments onboard
NOAA and MetOp satellites, and the VIIRS instrument onboard the Suomi-NPP satellite. Sea
level anomaly from satellite altimetry, sea ice concentration from the SSMIS instrument, and sea
ice thickness observations as described in the preceding sections are also assimilated. A 24-hour
assimilation time window is used and the system is forced using output from the Met Office
NWP system. Wind fields are available with a one-hour frequency, while the temperature,
humidity, precipitation and radiative fluxes are available with a frequency of three hours.
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2.1.4

Assimilation of SIT observations

For the SIT assimilation, as for the other data types, NEMOVAR is used to calculate the
increments to be applied to the model. The inputs to NEMOVAR are the observed along-track
SIT and the model aggregated SIT value interpolated to the location of the observation at the
nearest model time-step. The uncertainties in the model forecast are provided as spatially and
seasonally varying fields of error variances, with associated spatial error correlation length
scales. More detail about their specification, and the way the observation uncertainties are
defined is given in subsequent sections. The outputs of NEMOVAR are the changes required to
bring the model SIT into line with the observations, taking into account their respective errors,
as fields of increments on the model grid.
The SIT increments are applied to the multi-category CICE model using an Incremental Analysis
Update (IAU) method (Bloom et al., 1996), as is used for the other variables in FOAM. In this
method, a fraction of the increments is added at each time-step during a 24-hour period such
that the total increment is applied by the end of the model day. Following Blockley and Peterson
(2018), the SIT increments are applied at each time-step after any sea ice concentration
assimilation changes and there is no balancing performed with the other variables. Changes
resulting from thickness increments are only made where the grid cell ice concentration is
greater than 40%, meaning that only ice concentration increments can add new ice. This 40%
threshold can be tuned. Thickness increments are added to each of the five sub-grid categories
in proportion to their initial distribution, if the ice concentration within that category is above
1%.

2.1.5

Demonstration results

An initial run was conducted using observation and background error variances and length
scales originally developed for the assimilation of sea ice concentration (SIC) in FOAM, in order
to demonstrate the feasibility of the SIT assimilation method. The error variances are seasonal
climatologies, produced as described in Martin et al. (2007) and Blockley et al. (2014), and are
interpolated to the model date within the FOAM system. The background error correlation
length scale is set to 25 km, and the observation error is assumed uncorrelated (this is not
necessarily true, but is a standard simplification).
Figure 4 shows monthly mean sea ice thicknesses from a control run of the FOAM system
(without SIT assimilation), the FOAM system with SIT assimilation, and gridded, averaged
thickness observations from CPOM for qualitative comparison. The improvement in the
modelled SIT field through implementing SIT assimilation is clear. The results demonstrate the
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SIT assimilation works and that individual along-track CryoSat-2 observations, rather than
gridded and averaged observations, can be successfully assimilated.
Figure 5 shows the distribution of the SIT differences for each of the five ice thickness categories
in each grid cell for the assimilation run compared to the control, on the final day of the test
month. As expected, the thinnest ice shows very little difference due to the SIT assimilation, and
the distribution between the remaining categories has altered to increase the amount of thicker
ice. Figure 6 shows that the magnitude of the SIT increments for an example day matches the
24-hour model difference, demonstrating that the total SIT assimilation increments are retained
by the model during the 24-hour IAU period. These figures both illustrate that the assimilation is
working as expected.
Figure 7 shows observation-minus-background statistics (i.e. comparing the observations to the
model prior to assimilation, which also gives a measure of the 1-day forecast error) for the run
assimilating SIT observations and the control run, and demonstrates that the assimilation
substantially reduces the SIT error in the model in terms of the RMS and mean error.
The following sections describe further developments made to SIT assimilation in the FOAM
system. The observation and background error variances, and background error correlation
length scales, are updated to fields more suitable for SIT to improve the quality of the analysis.
Additionally, the observation quality control is improved (note, for example, the erroneous
observations north of Novaya Zemlya in figures 4(b) and 4(c)), the lack of observations over the
pole is compensated for (note the effect of the data gap seen in figure 4(c) on figure 4(b)), and
the noise in the analysis is reduced (note the visible satellite tracks in figure 4(b)).
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(a) Monthly mean SIT (m), January 2015:
Control run

(b) Monthly mean model SIT (m), January
2015: SIT
assimilation demonstration

(c) CPOM monthly mean observed SIT (m), January
2015 (5 km grid)
Figure 4: SIT assimilation results for demonstration system, compared to control and
observations.
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(a) Thickness category: 0.0 - 0.6 m

(b) Thickness category: 0.6 - 1.4 m

(c) Thickness category: 1.4 - 2.4 m

(d) Thickness category: 2.4 - 3.6 m

(e) Thickness category: 3.6 m and above
Figure 5: SIT difference for demonstration assimilation minus control for the five CICE SIT
categories, for example date of 31 January 2015.
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(a) Sea ice thickness increments (m)

(b) Change in model sea ice thickness (m)
Figure 6: Comparison between increments and model changes for example date of
28 February 2015.
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Figure 7: Sea ice thickness observation-minus-background statistics. Demonstration SIT
assimilation shown in black, and control in blue. Dashed line is mean error, solid line is
RMS error.

2.2 Further development

2.2.1

Observation error variance

The observation error variance (OBE) is a combination of the measurement uncertainty
(including the raw measurement error and uncertainties due to the retrieval algorithm) and a
representation uncertainty resulting from scales and processes unresolved by the model,
observation operator uncertainty and quality control uncertainty (e.g. Janjic et al., 2017). In this
study, the representation error is set to 0.05 m standard deviation as an initial estimate. Further
work is required to verify this value. Since estimates of measurement uncertainty are not
provided with the CPOM data used in this study, this has instead been determined using a
function based on the work of Ricker et al. (2017), who derived relationships between the
magnitude of CryoSat-2 ice thicknesses and their associated uncertainties. The function used is
shown on figure 8, in terms of the standard deviation. For each SIT observation, the associated
uncertainty standard deviation is calculated using this function and converted to a variance in
NEMOVAR (where variance is the square of the standard deviation).

SEDNA D3.1

(a) Full thickness range

(b) Close-up of lower-uncertainty thicknesses

SEDNA D3.1

Figure 8: Observation error standard deviation parameterisation for measurement
uncertainty.
CryoSat-2 retrievals over sea ice of less than around 1 m thickness have large uncertainties (e.g.
Ricker et al., 2017), so the OBE is set very high for these observations to minimise the impact
they have on the analysis. A similar method is used for observations of very thick ice. As
mentioned in section 2.1.5, the OBE is assumed to be uncorrelated so no length scales are used.
Figure 9 shows the measurement uncertainty standard deviation for January 2015 binned onto a
1/4 degree grid, along with the mean observed SIT, binned in the same way. The figure
demonstrates that the largest uncertainty occurs in regions of very thick and thin ice, as
expected.
The observation uncertainty estimates produced by Ricker et al. (2017) are based on rigorous
calculations for different ice thicknesses. The relationships have slightly different characteristics
at different times of the year, but using a general function in this study to parameterise this in
the absence of uncertainty estimates provided with the CPOM data is a reasonable choice. In
the future, CPOM plans to provide uncertainty estimates with their observations, so further
development of the OBE function is not necessary at this time.

(a) Binned observation measurement
uncertainty standard deviation (m),
January 2015

(b) Binned observed SIT (m), January 2015

Figure 9: Measurement uncertainty compared to sea ice thickness.
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2.2.2

Background error covariance

The assimilation system requires estimates of background error covariances for SIT, which are
parameterised using background error variances (BGE) and correlation length scales. A first
estimate for length scales and BGE for SIT has been produced using 3 years of CICE SIT data from
FOAM hindcasts (1 June 2015 to 31 May 2018), using the Canadian Quick covariance method
(Polavarapu et al., 2005). In this method, differences between daily model fields are used as a
proxy for the model error. Similar to SIC, the BGE for SIT was calculated for each season, for
interpolation to the model date within the FOAM system. Results are shown on figure 10. As
demonstrated on figure 4, FOAM modelled SIT without assimilation is too thin, so the model
variance calculated using this method may be an underestimate. However, it provides a starting
point for iterations of BGE calculations using different methods once the SIT assimilation is in
place (e.g. based on innovation (observation-minus-background) correlations (Hollingsworth and
Lonnberg, 1986) and/or differences between forecasts of varying lengths (e.g. Parrish and
Derber, 1992)).
It is also possible to generate length scales using the Canadian Quick method, by assessing the
spatial correlations in the results. An attempt was made at this, but the results yielded very
noisy estimates and thus require further investigation. However, the method was able to
provide an estimate of 50 km for the minimum expected length scale, so this was used for SIT
instead of the 25 km used for SIC. Additionally, in order to compensate for the data gap north of
88.0 N owing to the orbit inclination of CryoSat-2 (the “pole hole”), the length scale was
extended to 100 km for observations at latitudes north of 87.5 N. This has the effect of filling the
pole hole using increments spread from the surrounding area. A sensitivity test was used to
select the magnitude of the extended length scale and the latitude threshold. The values chosen
appear to give a good result (figure 11): the pole hole is filled, but with minimal impact on the
increments in the surrounding areas.
Figure 11 shows that the increased length scale allows information from the observations to be
spread out further, which is helpful owing to the sparseness of the Cryosat-2 data where orbit
tracks do not overlap. It also does not spread the observations out so far that spatial detail
would be lost. A dual length scale correlation formulation is available in NEMOVAR (Mirouze et
al., 2016) and this could be used for SIT. However, it is unclear if two length scales exist for SIT,
since the majority of the correlation in sea ice thickness changes would be expected to originate
from synoptic-scale impacts. This remains an avenue for future investigation.
The difference between the observation-minus-background variance from a SIT assimilation run
and the observation error variance (OBE) was calculated for one month, in order to compare to
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the magnitude of the background error variance (BGE) generated using the Canadian Quick
method. Since the OBE has been inflated to remove noisy observations of very thick and thin ice,
this gives some negative results for the difference between them. However, where the
difference is positive, it can be determined that the BGE generated from the Canadian Quick
method is too small, as might be expected (figure 12). This is an avenue for further development
work.

(a) DJF

(b) MAM

(c) JJA

(d) SON

Figure 10: Seasonal model background error standard deviations for sea ice thickness (m).
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(a) 25 km length scale

(b) 50 km length scale

(c) 50 km length scale, with 100 km north of 87.5 N
Figure 11: SIT increments (m) for different background error correlation length scales, for
example date 30 January 2015.
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(a) Difference between
observation-minus-background and
observation error variances (m2), January 2015

(b) Background error variance (m2) from
Canadian Quick method, DJF

Figure 12: Comparison of background error variance with assimilation statistics. Note
different scales on the figures.

2.2.3

Observation quality control

As described in section 1, retrievals of sea ice freeboard from CryoSat-2 are very noisy. It is
therefore important to apply quality control prior to assimilating the data. As an initial check,
following Tilling et al. (2018) freeboard observations below -0.3 m and above 3 m are rejected,
as are any negative values remaining after the conversion to SIT (see section 2.1.2).
”Super-observations” are then created, which are the median observation within a specified
radius. 10 km was selected as this is similar to the model grid size in the Arctic on the 1/4 degree
tripolar (orca025) grid used by NEMO and CICE. Super-obbing is an established method to
reduce the correlated uncertainty in the observations (e.g. Janjic et al., 2017). Figure 13 shows
the impact of the super-obbing on the observations for an example date (31 January 2015). For
this date, the mean number of observations used to create each super-ob was 17.8 (minimum 2,
maximum 112).
The use of a Bayesian background check (Ingleby and Huddleston, 2005) to remove poor-quality
observations prior to performing the super-obbing was investigated. This method is currently
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used for ocean data types in FOAM. In this method, the background and observation error
variances are taken into account, and any observations which deviate too far from the model
background field are rejected. However, since the observations are so different from modelled
SIT (compare figures 4(a) and 4(c)) it is difficult to avoid rejecting a large number of
observations, leading to issues in the analysis and/or long spin-up times. Therefore, for at least
the first month of the SIT assimilation, it will need to be run without the background check. Use
of a relaxed background check for subsequent months will be investigated. For long runs, or
after operational implementation, any background check may also need to be switched off again
in the autumn, to avoid rejecting good-quality observations through model drift in the absence
of SIT observations over the summer months.

2.2.4

Results

Figure 14 shows monthly mean sea ice thicknesses from the control FOAM system (without SIT
assimilation), the FOAM system with the demonstration SIT assimilation (section 2.1.5), the
FOAM system with the optimised SIT assimilation, and gridded, averaged thickness observations
from CPOM.
The optimised SIT assimilation produces a smoother field than the demonstration system. Noise
has been removed from the field, illustrated by the reduction in obviously erroneous
observations. This has been achieved through super-obbing and by reducing the impact of
erroneously thick observations on the analysis by increasing their observation uncertainty.
Visible satellite tracks have been reduced, helped by increasing the background error correlation
length scale. The pole hole has been filled with realistic-looking SIT, and the SIT field looks
qualitatively similar to the CPOM thickness observations.
Figure 15 shows observation-minus-background statistics for the optimised SIT assimilation run
compared to the demonstration SIT assimilation run. The figure illustrates that the optimised
assimilation has led to further improvements in the model performance (compare also to figure
7).
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(a) Without super-obbing (Num obs = 54638, RMS = 1.156 m, mean diff = 0.099 m)

(b) With super-obbing (Num obs = 3167, RMS = 0.663 m, mean diff = -0.012 m)
Figure 13: SIT observation-minus-background (m) with and without super-obbing,
31 January 2015.
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(a) Monthly mean SIT (m), January 2015:
Control run

(b) Monthly mean model SIT (m), January
2015: SIT assimilation demonstration

(c) Monthly mean model SIT (m), January
2015: Optimised SIT assimilation

(d) CPOM monthly mean observed SIT (m),
January 2015 (5 km grid)

Figure 14: SIT assimilation results for optimised system.
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Figure 15: Sea ice thickness observation-minus-background statistics. Optimised SIT
assimilation
shown in black and demonstration assimilation shown in blue. Dashed line is mean error,
solid line is RMS error.

2.3 Summary and conclusions

The successful assimilation of along-track CryoSat-2 freeboard observations, with a conversion
to sea ice thickness using modelled snow depth from the FOAM system, has been
demonstrated. The assimilation leads to notable improvements in the observation-minusbackground mean and RMS statistics compared to a control run.
Future operational assimilation will require improvements in timeliness for near-real-time
delivery of the observations from CPOM, as the product currently has a latency of 72 hours. At
the present time, FOAM uses a 48-hour assimilation time window, but there are plans to move
to 24 hours. Additionally, operational support of the data dissemination system would be
required.
Any updates to FOAM must also be appropriate for the GloSea seasonal forecasting system,
which is initialised using FOAM analysis fields. GloSea would normally require a long time-series
of observations (ideally 25 years) to run a hindcast for bias-correction purposes. However,
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reprocessed SIT data is currently only available back to 2002, from the ESA Sea Ice CCI project,
based on Envisat and CryoSat-2 observations. There are currently a number of issues with
processing the earlier ERS-1 and ERS-2 data to the same standard and thus a longer timeseries
of SIT observations is unlikely to become available in the near-future.
CryoSat-2 is currently expected to continue operations until at least 2025, but planning for
future missions to observe the Polar Regions is already underway. The work in this study has
already been presented to ESA (both at the ESA Living Planet Symposium and CRISTAL MAG
(mission advisory group)) as a demonstration of the use of along-track observations and the
feasibility of their assimilation into operational systems, in an effort to help secure funding for
further dedicated satellite missions for monitoring sea ice.
There are a number of avenues for further development of sea ice thickness assimilation into
FOAM. Climatological background error variances (BGE) and length scales can be recalculated
using different methods, for example the innovation correlation method of Hollingsworth and
Lonnberg (1986), noting that there are no SIT observations available over the summer months.
This method could also provide validation for the observation error variances. However, owing
to the reduction in Arctic sea ice cover in recent decades (as mentioned in Section 1) it may not
be appropriate to use a climatological BGE. Instead, a daily-varying BGE for SIT could be
obtained using the latest ensemble data assimilation methods currently under development at
the Met Office. Additionally, CPOM will be able to provide improved estimates of the
observation measurement uncertainty to be used in the assimilation.
Validation of the FOAM modelled snow depth would be very useful, and this could be done in
collaboration with CPOM. CICE could be developed to produce spatially and temporally varying
densities of snow, which would reduce uncertainty in the conversion of the freeboard
observations to ice thickness.
SMOS thin sea ice thickness observations have been obtained from the University of Hamburg
and are ready for testing in the FOAM system. It should be noted that there are occasional
disagreements between observations from SMOS and CryoSat-2, and therefore it may not yet
be feasible to assimilate both simultaneously. However, as we are currently using a tuneable
40% SIC threshold for application of increments from CryoSat-2 data, this may help to mitigate
any issues since increments from SMOS data will mainly be applied to thin ice at concentrations
below this.
A validation of the effects of assimilation of CryoSat-2 sea ice freeboard observations on
analyses and short-timescale forecasts of ice extent, concentration and thickness from FOAM
will be presented in a follow-up report, due November 2019 as part of Task 5. The impact of the
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updated FOAM analyses on seasonal forecasts from the GloSea system will be presented in a
report due in April 2020.

3 Sea ice concentration assimilation
3.1 Background

Sea ice concentration (SIC) observations used at the Met Office are sourced from the EUMETSAT
OSI SAF (European Organisation for the Exploitation of Meteorological Satellites Ocean and Sea
Ice Satellite Application Facility; Tonboe et al., 2017). These are based on passive microwave
observations from the SSMIS (Special Sensor Microwave Imager) instrument on board the DMSP
(Defence Meteorological Satellite Program) series of satellites.
Testing of SIC assimilation developments is performed in this study using the Met Office’s OSTIA
(Operational Sea Surface Temperature and Ice Analysis) system (Donlon et al., 2012), which uses
the same assimilation system, NEMOVAR, as the FOAM system. As a surface analysis-only
system, it is quicker and less computationally expensive to run than FOAM. Note that OSTIA is
run on a 1/12 degree tripolar (orca12) grid, whereas the FOAM assimilation and model is
currently on the lower resolution 1/4 degree (orca025) grid.
SIC data assimilation in the NEMOVAR OSTIA system uses climatological, seasonally-varying
background error and observation error variances derived for the FOAM system. SIC background
error covariance length scales are set to 25 km for both systems, and observation errors are
assumed to be uncorrelated. As described in Blockley et al. (2014), the SIC background and
observation error variances are statistical errors, calculated using the NMC method (developed
at the National Meteorology Center; Parrish and Derber (1992)) using 2-years’ worth of 24 hour
and 48 hour forecast fields. These were scaled using background and observation error
variances calculated using the Hollingsworth and Lonnberg (1986) method, to produce seasonal
climatology files of standard deviations. These files are then linearly interpolated to the analysis
date in the OSTIA and FOAM systems, and NEMOVAR converts the standard deviation to
variance.
As discussed in the previous section in the context of sea ice thickness (SIT) assimilation, due to
the well-documented reduction in Arctic summer sea ice cover compared to climatology in
recent years, and additionally the large interannual variability in sea ice concentration and
extent, the use of climatological background and observation error estimates for sea ice
assimilation may not be ideal. Therefore, in this study, methods have been explored to obtain
daily-varying observation and background error variance estimates for SIC.
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3.2 Observation error variance

OSI SAF began disseminating observation uncertainty standard deviations with their operational
sea ice concentration product on 26 May 2016. The uncertainty estimates include contributions
from measurement (algorithm) and representation uncertainties. Measurement uncertainty
covers uncertainties due to atmospheric emission and scattering, sensor noise and surface
emissivity variations leading to tie-point uncertainties (Tonboe et al., 2017). The representation
uncertainty is due to resampling to a grid smaller than the satellite footprint, so it covers more
than one pixel (Tonboe et al., 2017). Other potential sources of error which are not included in
the uncertainty estimate are geo-location error, sensor drift and sea ice variability over the
sampling period (Tonboe et al., 2017). Another important source of missing uncertainty is the
contribution from summer melt ponds in the Arctic. Future work to mitigate this in the OSTIA
and FOAM systems, by adding a term to the observation error variance, could make use of a
melt pond climatology (e.g. Rosel et al., 2015) or surface temperature and humidity estimates
from Numerical Weather Prediction (NWP) to determine likely melt pond location.
There have been some issues with erroneous ice concentration observations in the OSI SAF
operational SSMIS product (OSI-401-b), and a “filtered” version, using additional masking and
checks including 2 m air temperature was made available. Testing here is performed using only
observations from the filtered product.
The observation errors in the product files are updated daily. Using this data source as the
observation error means the analysis can respond to local changes in the sea ice, which is not
achievable using a climatology. Improving the way observation uncertainties are used in the
analysis system also means that it will be possible to assimilate multiple sea ice concentration
datasets, in the same way as is currently done for other variables, for example SST (sea surface
temperature). This would assume that the datasets are unbiased, as it is difficult to bias-correct
near-real-time ice concentration data, although it has been done for climatological datasets
such as HadISST (Titchner and Rayner, 2014).
Additional data sources could include AMSR2 observations and digitised sea ice charts. The
assimilation of AMSR2 satellite sea ice concentration observations will reduce the dependence
of Met Office systems on SSMIS. This would not only improve resilience to short-term outages,
but also to the potential data gap after the end of life of the DMSP-series satellites (which carry
the SSMIS instrument). The newest functioning satellite, DMSP-F18, was launched in 2009 and is
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past its 3-to-5 year planned lifespan, with no further launches due for this series. AMSR2, on the
GCOM-W-series of satellites, is projected to have a lifespan until at least 2025 if subsequent
launches of GCOM-W2 and GCOM-W3 go ahead.

3.2.1

Methods

For this study, the NEMOVAR OSTIA suite was set up to use the total uncertainty standard
deviation variable from the observation files as the observation error variance (converted within
NEMOVAR by squaring the standard deviation), with a minimum uncertainty set to 0.01 sea ice
fraction (in standard deviation). The output was compared to the results from a control suite,
which used the observation errors from the existing climatological seasonal files. The suites
were run with a month’s spin-up, and results from June 2017 were assessed.

3.2.2

Results

Figure 16 shows the climatological OBE standard deviation for JJA along with the daily sea ice
OBE standard deviation for 1 June 2017 from the OSI SAF files. Comparison of the figures shows
that the OBE from the observation files is considerably larger than that from the climatology.
Figure 17 shows the differences in the sea ice concentration analysis fields produced using the
different observation errors, for 1 June 2017 as an example. Differences are generally very
small, of the order of a few %, with some localised larger differences of reduced ice
concentration for the updated analysis.
Table 1 provides mean and RMS statistics for the month of June 2017, for AMSR2 observations
compared to analyses using the climatological OBE and the daily OBE. The AMSR2 observations
are taken from an operational OSI SAF product (OSI-408) and can be considered independent of
the assimilated SSMIS observation product (OSI-401-b). However, they cannot necessarily be
considered “truth”, especially as there are some issues with erroneous data in this product. OSI
SAF have advised they are developing plans to apply a filter to the observations, in the same
way as is currently done for the SSMIS product. Table 2 shows observation-minus-analysis and
observation-minus-background statistics for the assimilated SSMIS observations. For all cases,
statistics are not calculated for regions where both datasets register open water.
The statistics in tables 1 and 2 demonstrate that using the daily OBE instead of the climatological
OBE actually results in a small detriment to the analysis. The increased magnitude of the daily
OBE (figure 16) means it is larger than the climatological background error standard deviation
(BGE; figure 20). The analysis has therefore been pulled closer to the background and away from
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the observations, leading to a reduction in the magnitude of the increments (not shown), and a
detriment to the analysis performance. An update of the BGE is therefore required in order that
using the improved, larger OBE does not cause a detriment to the analysis (see following
sections).

(a) Climatological sea ice observation error
standard deviation for JJA

(b) Daily observation error standard deviation
for 1 June 2017 from OSI SAF data

Figure 16: Arctic sea ice concentration observation error variance.

(a) Northern hemisphere

(b) Southern hemisphere
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Figure 17: Sea ice concentration difference (in sea ice fraction) using seasonal climatological
observation error compared to using daily observation error estimates provided with the
observations, 1 June 2017.
Table 1: AMSR2 minus analysis for OBE experiments, in % concentration, June 2017

Table 2: SSMIS minus analysis and background for OBE experiments, in % concentration,
June 2017.

Figures 18 and 19 show spatial plots for June 2017 of monthly mean difference and RMS
statistics between the analysis using the daily OBE, with AMSR2 and SSMIS observations. The
equivalent plots for the analysis using the climatological OBE are visually very similar and are not
shown. The figures demonstrate that there are relatively large differences between the analysis
and the AMSR2 dataset, and these vary spatially with the largest differences around coasts and
at the ice edge. Note that the land-sea mask is the same for both the AMSR2 and SSMIS OSI SAF
products. However, the largest differences are due to issues with the AMSR2 data itself. The
large differences to the west of the Antarctic Peninsula stem from erroneous data in the AMSR2
field from 28 June 2017, and there are recurring problems with data off the coast of
Newfoundland.
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(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2

(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS
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Figure 18: Monthly sea ice concentration observation-minus-analysis mean difference (in sea
ice fraction), using daily observation error estimates provided with the observations, on 1/4
degree grid, averaged over June 2017. Only SSMIS assimilated.

(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2

(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS
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Figure 19: Monthly sea ice concentration observation-minus-analysis RMS (in sea ice fraction),
using daily observation error estimates provided with the observations, on 1/4 degree grid,
averaged over June 2017. Only SSMIS assimilated.

3.3 Background error variance

For sea ice concentration, we would expect to find the largest background errors in the marginal
ice zone (MIZ), where ice conditions are highly variable. The MIZ is commonly defined as the
region where waves and swell affect the ice and is the transition between the pack ice and the
open ocean (e.g. Carrieres et al., 2017). Thus, if the location of the MIZ can be determined using
the ice concentration from a previous analysis, we can use this to estimate where the largest
background errors should be for the present analysis.
Following Buehner et al. (2016), ice error variance can be approximated using a forward
difference method applied to the background sea ice concentration (SIC) field (equation 3):

(3)

At the size of the orca12 grid, the solution is grid independent (inferred from Buehner et al.
(2016), as their grid is ≈5 km and the orca12 grid is ≈3 km at high latitudes). It is also suitable for
a non-uniform grid (Ferziger and Peric, 2001) such as the orca grid. This method can be used to
estimate the sea ice concentration variance for the background field at each grid location, on a
daily basis.
Since the background field in the OSTIA system is valid for the previous day and not the analysis
day, an error growth term should be added. Following Buehner et al. (2016), the term, q, is
defined such that “the standard deviation would grow linearly from 0 to 1 in 16 days in areas
with no observations”. This means areas that have no observations but are filled by the analysis
instead (e.g. narrow channels and coastal areas), will have a higher estimated error.
The linear error growth term is thus defined as:

(4)
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where t is time (in days), errormax is the maximum standard deviation of 1.0, and trelax is the
relaxation time of 16 days.
Different error growth terms could be used, for example the e-folding timescale used for SST
relaxation in OSTIA, but this means very quick initial error growth. Using the simple linear
growth rate suggested by Buehner et al. (2016) seems reasonable. This term is added to the
square root of the estimate of the background error variance (to obtain a standard deviation).
For equation (3), the difference is set to zero for any pairs of points where one is land. Any sea
ice concentration below 1% is set to 0% to avoid spurious gradients, and also because this is
beyond the accuracy level of both the observations and analysis.
Figure 21 shows an example of the BGE field generated using the Buehner method, for 1 June
2017. Comparing this to figure 20, the climatology field for the same date, illustrates that the
standard deviations in the MIZ are higher and gradients are sharper than for the climatology.
Figure 22 shows the difference in the SIC analysis fields generated using the BGE from the
Buehner method and that using the climatological BGE. Differences are reasonably small (less
than 5%), and mostly in the MIZ as expected. However, the analysis field using the Buehner
method has a number of linear features, particularly in the southern hemisphere, which are due
to the location of the ice edge on preceding days. The OSI SAF input data does not show the
same patterns, meaning this is noise generated by the analysis.
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Figure 20: Climatological sea ice background error standard deviation for JJA (in sea ice
fraction).

Figure 21: Sea ice background error standard deviation (in sea ice fraction) using Buehner
method with linear error growth term, for 1 June 2017.
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(a) Northern hemisphere

(b) Southern hemisphere

Figure 22: Sea ice concentration difference (in sea ice fraction) using climatological
background error (control) compared to background error using Buehner method, with a
linear error growth term, 1 June 2017 and using daily observation error estimates provided
with the observations.
Figures 23 and 24 show the spatial distribution of the observation-minus-analysis mean and
RMS results for independent AMSR2 and assimilated SSMIS observations averaged over June
2017. Tables 3 and 4 give the averaged AMSR2 and SSMIS statistics for June 2017. The Buehner
method leads to a detriment in the analysis compared to using a climatological BGE.
In order to attempt to mitigate the effect of erroneous features on the analysis, a Shapiro filter
was applied to the Buehner background error but this did not remove the problem of erroneous
features in the analysis. It is not suitable to try using a larger grid for the calculation as the
method relies on the solution being grid independent, which is only true for small grids. Instead,
the Buehner BGE was combined with an estimate of the ice analysis error.

Table 3: AMSR2 minus analysis for Buehner background error (BGE) experiments, in % sea ice
concentration, June 2017 (using daily observation error (OBE)).
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Table 4: SSMIS minus analysis and background for Buehner background error (BGE)
experiments, in % sea ice concentration, June 2017 (using daily observation error (OBE)).
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(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2

(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS

Figure 23: Sea ice concentration observation minus analysis mean difference (in sea ice
fraction), using Buehner method to generate background error variance, on 1/4 degree grid,
averaged over June 2017. Only SSMIS assimilated, and using daily observation error estimates
provided with the observations.
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(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2

(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS

Figure 24: Sea ice concentration observation minus analysis RMS (in sea ice fraction), using
Buehner method to generate background error variance, on 1/4 degree grid, averaged over
June 2017. Only SSMIS assimilated, and using daily observation error estimates provided with
the observations.
3.4 Ice analysis error estimate

The full method used in Buehner et al. (2016) is to compare the calculated BGE variance term to
the analysis error variance from the previous day. The larger of the two values is taken, then
square-rooted to obtain a standard deviation. The error growth term described in the previous
section is then added, and this is used as the BGE for the current day’s analysis.
However, the NEMOVAR FOAM and OSTIA systems do not produce an analysis error estimate.
For SST in OSTIA, this is instead obtained using an analysis quality method (Donlon et al., 2012).
This involves producing a second analysis, with all observations given a value of 1.0 and the
analysis background field set to 0.0. The weight given to the observations is the same as in the
main analysis, as the background and observation error variances are preserved. This field (εoi) is
then combined with the background error variance using the following:

SEDNA D3.1

(5)

where εai is the analysis error standard deviation estimate at grid point i and Bi is the
background error variance at grid point i. α and β are parameters to control the smallest and
largest errors expected from the analysis respectively, as a proportion of the background error
variances. They are set to 0.5 and 4.0 for SST. A similar method is used here to calculate analysis
error for sea ice concentration in OSTIA, initially using the same α and β parameters as for SST.
Following Buehner et al. (2016), the largest value of the ice analysis error and the Buehner
background error was taken, on a gridbox by gridbox basis. Figure 25 shows an example of the
ice analysis error and figure 26 the results of the BGE field generated using the combined
method. This run also includes the use of a Shapiro filter to smooth the Buehner background
field.
Combining the ice analysis error method with the Buehner method improves the appearance of
the ice concentration field (figures 27, 28 and 29), where the ice edges could be seen in the
analysis previously. However, the initial ice concentration edge can still be seen. The analysis
error has to initialise from zero, so only the Buehner field is used for the first day. Even after
more than a month, this edge from the first analysis day can be seen.

Figure 25: Sea ice analysis error standard deviation (in sea ice fraction) for 1 June 2017.
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Figure 26: Sea ice background error standard deviation (in sea ice fraction) generated using
combined Buehner and ice analysis method with linear error growth term, for 1 June 2017.
To produce an ice analysis error field for the first day, it was initialised from a field generated
using the climatological background error and tested with both the daily and climatological OBE,
but this did not improve the problem. Other options could be to smooth this out further,
perhaps using a diffusion filter. This was investigated but would require development to work
with sea ice fields. Another option could be to start from a climatological maximum, so that the
initial ice edge is outside of the analysis SIC extent. The ice analysis would then require time to
spin-up from climatology. Initialising from a September start date so that the ice extent is
decreasing does remove the spurious “line” in the analysis SIC field, but just transfers the issue
to the Arctic instead. There are also issues with persistent noise in the analysis around the ice
edge (figure 27). This is about 2% concentration and could potentially be improved by increasing
the minimum SIC to calculate gradients in the Buehner method.
Tables 5 and 6 show monthly AMSR2 and SSMIS statistics for this run, and demonstrate that
despite the issue of noise from the initialisation, the method does mostly improve the analysis
compared to using a climatological BGE with the OBE from the data files. However, the statistics
still do not improve upon those for the run using both climatological BGE and OBE (tables 1 and
2).
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(a) 1 May 2017 (first day of run)

(b) 26 May 2017

Figure 27: Sea ice concentration analysis field (in sea ice fraction) for southern hemisphere
from run using Buehner and ice analysis method with linear error growth term, for 1 June
2017. The outline of the ice edge from the first day of the run (a) can be seen within the ice
pack even after several weeks ((b); may require zooming in on electronic copy).

(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2
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(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS

Figure 28: Sea ice concentration observation minus analysis mean difference (sea ice
fraction), using Buehner and ice analysis method to generate background error variance, on
1/4 degree grid, averaged over June 2017. Only SSMIS assimilated, and using daily
observation error estimates provided with the observations.

(a) Northern hemisphere, AMSR2

(b) Southern hemisphere, AMSR2
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(c) Northern hemisphere, SSMIS

(d) Southern hemisphere, SSMIS

Figure 29: Sea ice concentration observation minus analysis RMS (sea ice fraction), using
Buehner and ice analysis method to generate background error variance, on 1/4 degree grid,
averaged over June 2017. Only SSMIS assimilated, and using daily observation error estimates
provided with the observations.

Table 5: AMSR2 minus analysis for Buehner and analysis error background error (BGE)
experiments, in % sea ice concentration, June 2017
(using daily observation error (OBE) where unspecified).

Table 6: SSMIS minus analysis for Buehner and analysis error background error (BGE)
experiments, in % sea ice concentration, June 2017
(using daily observation error (OBE) where unspecified).
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3.5 Summary and Conclusions

The aim of this work was to update the SIC analysis to use daily-varying observation (OBE) and
background error (BGE) variances instead of climatological fields. This is particularly important
for sea ice analyses due to the rapid changes in sea ice cover observed in recent years,
particularly in the Arctic, meaning the sea ice characteristics on any one day may be quite
different from climatology. This work was carried out using the OSTIA system and the
conclusions are also applicable to FOAM. Any conclusions based on results from the Antarctic
are also applicable to the Arctic.
It was found that in order to make use of the larger daily OBE estimate available with the SIC
observations from OSI SAF, the BGE also needed to be updated as the magnitude was too small.
Methods for producing daily estimates of the BGE were investigated, which brought the
magnitude more in line with the updated OBE, but led to persistent noise and erroneous
features in the SIC analysis field.
Without using well-specified OBE estimates, it is not recommended that multiple data types are
assimilated together, for example SSMIS and AMSR2 SIC observations. Additionally, it is noted
that the OSI SAF AMSR2 dataset is currently not high enough quality to be assimilated
operationally. This has been fed back to OSI SAF, and they plan to implement an update,
although the timescale is unknown at this time.
Work on ensemble data assimilation methods is currently underway at the Met Office, which
could be used to generate a daily-varying BGE for SIC. This should then mean the daily OBE
provided with the observations can be made use of. However, this will not be available on the
timescale of the SEDNA project.
Other future work could include the addition of a term to the OBE to account for uncertainty
due to melt ponds in the Arctic summer and recalculation of the background error correlation
length scales for SIC. The effect of any SIC assimilation updates on the SIT fields in FOAM would
also need to be investigated.

4 Concluding remarks
In this study, the novel assimilation of sea ice thickness observations and an investigation into
improvements in sea ice concentration assimilation have been presented. For both these
variables, it has been shown that well-specified observation and background error variances,
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and importantly the balance between them, are vital for producing high-quality analyses. As
further updates to observation uncertainties by data providers become available, and data
assimilation methods develop to allow daily-varying model uncertainty estimates, the quality of
sea ice thickness and concentration analyses and thus initial model conditions for forecasting
will continue to improve.
The SEDNA end-user workshop and report (Q1 2018) illustrated that the Arctic activity sector
does not currently make use of sea ice forecasting for ship navigation. Reasons mentioned are
that existing forecasting products are not fit-for-purpose for use onboard vessels and have not
been adequately verified, validated and optimised for operational use in navigation or strategic
ice management. The work in this study is aimed at optimising an existing operational sea ice
forecasting product through improvements to initial conditions, and further work which could
be undertaken to continue this improvement has been outlined.
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